We describe a novel system,
INTRODUCTION
G-protein coupled receptors (GPCRs) with seven transmembrane helices are the major membrane proteins that play the important interface role for signaling to the inner cell. An external ligand stimulus to a GPCR induces the coupling with G-proteins (G i/o , G q/11 , G s and G 12/13 ) followed by different kinds of signal transduction. Since about half (1) of all drugs distributed throughout the world are designed to control these mechanisms, GPCRs are important targets in the development of effective drugs.
From the viewpoint of drug design, it will be of utmost importance to screen a drug for its ability to effectively control the activation of a specific G-protein, by monitoring the stimulation by different ligands. In general, it is quite difficult to develop such a high-throughput experimental system; however, G-protein activity prediction made using bioinformatics techniques contributes to the design of an effective experimental system. Therefore, our purpose is to develop a program to predict GPCR-G-protein binding selectivity when both the GPCR sequence and ligand information are submitted.
The established way to predict protein function is to classify proteins into functional groups whose members are linked by sequence similarity using a conventional sequence search method such as BLAST (2) and FASTA (3) . However, in the case of GPCRs, the function-similarity relationship is unclear. For example, (i) some homologous GPCR pairs with the same ligands bind to different kinds of G-protein; (ii) those pairs that bind to the same type of G-protein bind to a different ligand; and furthermore (iii) some GPCR pairs bind to both the same ligand and the same G-protein even though they show sequence similarity of <25% (4) . Given this situation, various computational methods have been developed to understand the GPCR signaling mechanisms using not simple sequence searches but more powerful methods such as hidden Markov models (HMMs), support vector machines (SVMs) and statistical analysis. These methods are divided into two The online version of this article has been published under an open access model. Users are entitled to use, reproduce, disseminate, or display the open access version of this article for non-commercial purposes provided that: the original authorship is properly and fully attributed; the Journal and Oxford University Press are attributed as the original place of publication with the correct citation details given; if an article is subsequently reproduced or disseminated not in its entirety but only in part or as a derivative work this must be clearly indicated. For commercial re-use, please contact journals.permissions@oupjournals.org main branches: classification of GPCRs by ligand type (5-10) and classification of GPCRs by G-protein type (11) (12) (13) . As a result, classification cannot be determined by the relationship between the external ligand and the G-protein type.
Compared with previous work, our work is unique because we intend to develop a program for predicting GPCR-G-protein coupling specificity from the ligand information as well as the GPCR sequence. To develop this program, we assume that the ligand, GPCR and G-protein form a complex, and therefore that structural information about the ligand, extracellular loops, intracellular loops and the transmembrane domain of GPCRs is essential for describing the binding of G-proteins. Since the SVM algorithm has been verified to be a high-performance classifier, especially for discriminating multidimensional parameters (5), we have used the SVM method in this work. We collected the combination of existing ligand, GPCR and G-protein, picked up various characteristic quantitative features as feature vector elements in the SVM from their structural information and, from these quantities, determined G-protein type. The predicting system includes a hierarchical SVM classifier using the feature vectors, which is useful for the Class A GPCR group. For opsins and olfactory receptors belonging to Classes A, B, C, frizzled and smoothened families, we apply an HMM classification, since these subfamilies can be directly assigned to a G-protein type. Thus we constructed the hierarchical system including the HMM and SVM components. Applying this system to known GPCR sequences, each binding G-protein is predicted with high sensitivity and specificity (>85% on average). Based on this study, we developed a GRIFFIN web server (http://griffin.cbrc.jp/) that can predict G-protein coupling specificity using the SVM and HMM methods.
METHODS
In order to predict GPCR-G-protein coupling selectivity, GRIFFIN implements two processes, SVM and HMM. The SVM process is suitable for predicting G-protein coupling selectivity for the Class A GPCR family. It is well known that the Class A GPCR family is huge, as it is the major family, and its large-scale diversity makes it difficult to predict its coupling G-proteins using only sequence similarity information. Therefore, we first applied the SVM method using characteristic quantities extracted from the ligand information and GPCR structure.
The HMM method is suitable for predicting the coupling selectivity of G-proteins with GPCRs belonging to opsins and olfactory receptors (in Class A), Class B, C, frizzled and smoothened families. Although it is still unclear what kind of G-protein binds to frizzled and smoothened GPCRs, these two families can be used as a filter to classify other GPCRs. For these families, the G-protein prediction is easier because sequence similarity information (described in terms of the HMM) directly correlates with functional annotation of the binding G-protein type.
The SVM and HMM calculations were performed using the LIBSVM (14) and HMMER (15) software packages, respectively. The detailed parameters and thresholds used are described below.
Training dataset
For Class A GPCRs, amino acid sequences were obtained from the SwissProt and TrEMBL databases. These GPCR sequences include both ligand and G-protein information written in TiPS (16) and GPCRDB (17) . The number of Class A GPCR sequences selected as training data for SVM classification is 132 (G i/o binding type: 61 sequences; G q/11 binding type: 47 sequences; G s binding type: 24 sequences). And in this work, GPCRs which are coupled with multiple G-proteins and the G 12/13 G-protein family are not considered because there are not sufficient data to construct a prediction system.
The redundancy of these sequences was evaluated by analyzing clusters formed under sequence similarity set to decrease from 100% to 30% in steps of 1% using BLAST-CLUST from the BLAST software package (2). One cluster consisted of two GPCRs (SwissProt IDs PKR1_HUMAN and PKR2_HUMAN) and appeared at 87% sequence identity, and the other clusters were not detected until the sequence identity reached 68%. This result shows that most GPCRs do not have strong similarities with each other. Though PKR1_HUMAN and PKR2_HUMAN show strong sequence similarity, as described above, they bind to different ligands and, therefore, both sequences should be used as training datasets. For this reason, 132 sequences are used in this work without a process of elimination of redundancy.
For opsins and olfactory receptors, Classes B, C, frizzled and smoothened families, sequences were obtained from the SwissProt and TrEMBL databases as well as the abovementioned 132 Class A GPCRs. Class C GPCR sequences can be classified into two types, G i/o binding type and G q/11 binding type; therefore, this family is separately collected into two groups. The numbers of GPCRs are 170, 394, 34, 20, 9, 40 and 5 for opsins, olfactory receptors, Class B, Class C for G i/o specific, Class C for G q/11 specific, frizzled and smoothened families, respectively.
Determination of characteristic quantities used in SVM
To develop the program, we assumed that the ligand, GPCR and G-protein form a complex, and that therefore the interactions among this complex are all essential factors for activating G-protein bindings. From this viewpoint, structural characteristics should be extracted comprehensively from the ligand, extracellular loops, intracellular loops and transmembrane domain of GPCRs, although the tertiary positions of some characteristics are distant from the G-protein binding site.
To calculate these parameters, the boundaries of the transmembrane helix and loop regions of GPCR sequences were determined from multiple alignments of known Class A families with bovine rhodopsin as a three-dimensional structure template (PDB ID: 1f88) using CLUSTAL W (18) .
In addition to the above parameters, two bit scores are calculated from GPCR sequences. One is obtained when a query GPCR sequence is searched against the HMM profile (peptide profile) constructed from multiple alignments of GPCR groups binding to a peptide ligand. The other is calculated by the HMM profile (amine profile) of a GPCR group which is bound to a small amine ligand. Each GPCR in these two groups was obtained from SwissProt: 439 and 243 for the peptide ligand type and the small amine ligand type, respectively. Detailed parameter information is listed in Table 1 . A Class A GPCR can be plotted to multidimensional space using a vector composed of these multiple parameters.
SVM classifies these vector representations (feature vectors) of GPCRs using a multidimensional hyperplane called the kernel function. Since the SVM is a classifier used to divide data into two groups, classifications such as (G s binding type and others), (G q/11 binding type and others) and (G i/o binding type and others) are performed.
In order to calculate the accuracy in discriminating each G-protein type (G i/o , G q/11 and G s for the training dataset containing G i/o , G q/11 and G s binding GPCRs), SVM training was performed by changing the combination of the feature vector elements, kernel functions (linear, polynomial, RBF and sigmoid formula) with parameters C and g, which determine the shape of kernel function. A cross-validation test is performed for each combination of parameter sets. The variable ranges of the parameters C, g and cross-validation fold are from 2 À5 to 2 15 , from 2 À13 to 2 3 , and from 2 to 5, respectively. The best combination of feature vector elements and kernel functions is determined when the product of sensitivity and specificity shows the highest value of accuracy for evaluating G-protein coupling prediction. As indicated in Table 2 , the discrimination of the G s binding type is the most successful, with the following five feature vector elements: (i) the third intracellular loop length, (ii) the C-terminal loop length, (iii) the total number of arginines and lysines in the C-terminal region of the intracellular loop, (iv) the existence of proline at the position corresponding to the 170th residue on rhodopsin, and (v) the bit score of the amine profile. However, under the same condition, G i/o and G q/11 types cannot be classified with high accuracy. Thus, in order to predict G i/o or G q/11 from the two proteins with high accuracy, SVM training was performed again. The best performance results for G i/o and G q/11 classifications are shown in Table 3 . The highest sensitivity and specificity for classifying as G i/o type or G q/11 type were achieved when five parameters [(i), (ii), (v) and two additional parameters: (vi) the bit score of the peptide profile and (vii) the ligand molecular weight] were used.
Making HMM profiles
HMM profiles were made from each member of the opsins, olfactory receptors, Classes B, C, frizzled and smoothened families using the HMMER program (15) (Class C HMM profiles were made separately from two groups which bind to G i/o or G q/11 ). To verify the reliability of each profile used for prediction, all GPCRs were first picked up from GPCRDB to add as false data for each family. Each family was divided into four subgroups and 4-fold cross-validation tests were executed to verify the reliability of HMM profiles (that is, three-fourths of the subgroups are used as training datasets and the remaining fourth are used as test data). As a result, for each HMM profile, we determined the safe threshold score to discriminate subfamilies with the highest sensitivity and specificity ( Table 4 ). As shown in Table 4 , most families can be predicted with 100% sensitivity and specificity at each threshold. These results suggest that for each family, sequence information (described in terms of the HMM) corresponds to specific G-protein type: opsins bind to G t , olfactory receptors bind to G olf , most of the Class B family binds to G s , and the Class C family binds to G i/o or G q/11 . The type of G-protein binding to the frizzled and smoothened families is still unclear; therefore, these GPCRs can be classified as 'unknown G-protein type'. Thus, an HMM profile search can directly link the G-protein information, and these profiles are useful filters in the classification of the Class A GPCRs and others.
The integrated system for predicting GPCR-G-protein coupling selectivity
The integrated system for predicting GPCR-G-protein coupling selectivity is shown as the flowchart in Figure 1 . As input data, this system requires the sequence of query GPCR and ligand molecular weight, which are converted to feature vector elements. At the first stage, a query sequence is searched against the HMM profiles of the opsins and olfactory receptor subfamilies, Classes B, C, frizzled and smoothened families by the HMMER program (15) with high accuracy, as shown in Table 4 . If the computed HMM profile score is larger than the threshold of a certain subfamily (see Table 4 ), the query sequence can immediately link to the G-protein information, and GRIFFIN stops the prediction process. However, if the query does not meet the above conditions (i.e. all profile scores are less than each corresponding family threshold), GRIFFIN continues the processing to the second stage, which uses the SVM with feature vectors which are converted from sequence and ligand molecular weight. Since the prediction of G s from other G-proteins and G i/o or G q/11 in these two proteins requires different parameter sets and conditions to achieve the best performance, we constructed the following hierarchical system. First, this system determines whether the query sequence is binding to G s by using five parameters and the RBF function. If the query is predicted to be of the G s binding type (with 95.2% specificity and 83.3% sensitivity, be of the G s binding type, GRIFFIN changes the process to predict G i/o or G q/11 coupling selectivity by using the other five parameters and the polynomial function, with high sensitivity and specificity as shown in Table 3 . After applying this hierarchical system to known sequences through 10 000 rounds of 4-fold cross-validation, the average discrimination sensitivities and specificities were 87% and 88% for G i/o , 85% and 84% for G q/11 , and 85% and 89% for G s , respectively. In previous studies, three methods (11) (12) (13) were developed in order to predict G-protein binding selectivity. However, it is difficult to compare their performance with our method because the GPCR sequences used in their dataset and their evaluation methodology are different from ours. Most importantly, our method is the first one to predict G-protein types by inputting both ligand molecular weight and GPCR sequence, and this prediction processing is available on the useful web server GRIFFIN. Figure 2a shows the home page of the GRIFFIN website (http://griffin.cbrc.jp/). On this home page, there are small and large text boxes for entering a sequence name and an amino acid sequence, respectively. The three small text boxes at the bottom of the page are for entering the range of ligand molecular weight (onset, termination and differential values) from left to right. With this function, by changing the range of ligand molecular weight, the user can perform the computational experiment to monitor G-protein binding for orphan receptors whose ligands are still unknown. Of course, the user can also predict the type of G-protein by entering only one value for ligand molecular weight. If 'Molecular weight calculator' is clicked, it navigates to a page where the user can calculate the molecular weight of a chemical compound when the chemical equation is entered in the text box and the 'submit' button is clicked. To calculate the molecular weight of the peptide ligand, this page is linked to the PeptideMass website (19) . The PubChem website, which contains chemical compound information, is also available via a link at the top of the page.
THE WEB SERVER: GRIFFIN
When the 'Predict' button is clicked, the GRIFFIN system navigates to the results page (Figure 2b ). When the user enters a range of ligand molecular weight, and if this range matches a certain G-protein type, the results are displayed with each line representing a predicted G-protein type. For example, Figure 2b shows the result when a wide molecular range (from 100 to 30 000 in steps of 100) is entered; this query sequence changes between the coupling G-proteins G i/o and G q/11 . The query sequence and user-defined name are displayed in the FASTA format, with transmembrane regions colored in red, when the query GPCR belongs to the Class A family. In addition, feature vector elements and their scores, which are calculated in the process of prediction, are displayed in a table.
We believe that GRIFFIN will contribute to the research into functional assignment of orphan GPCRs and to the design of experimental systems for screening effective drugs.
